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Cone Beam Computed Tomography (CBCT) is a radiographic technique that has been commonly 
used to help doctors provide more detailed information for further examination. Teeth segmentation on 
CBCT image has many challenges such as low contrast, blurred teeth boundary and irregular contour of 
the teeth. In addition, because the CBCT produces a lot of slices, in which the neighboring slices have 
related information, the semi-automatic image segmentation method, that needs manual marking from  
the user, becomes exhaustive and inefficient. In this research, we propose an automatic image slice 
marking propagation on segmentation of dental CBCT. The segmentation result of the first slice will  
be propagated as the marker for the segmentation of the next slices. The experimental results show that 
the proposed method is successful in segmenting the teeth on CBCT images with the value of 
Misclassification Error (ME) and Relative Foreground Area Error (RAE) of 0.112 and 0.478, respectively. 
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Cone-beam computed tomography (CBCT) is a radiographic technique that has  
been commonly used in various applications [1-3]. CBCT provides information in the form of 
three-dimensional (3D) images. This is an advantage over two-dimensional (2D) panoramic. 
The 3D image provides more detailed information that can be used for further analysis and 
examinations. Therefore, CBCT has been widely used for examination rather than  
panoramic teeth [4-10].  
CBCT can be used to help orthodontic surgery [11], by segmenting the bone or teeth. 
Teeth segmentation is the most important part of the procedure and it is aided by the computer. 
The results of the computer-aided segmentation can provide feature information about  
the differences between dental tissues and others. This can be used in the application of dental 
diagnosis, human identification, dental care, and so on. However, CBCT image usually has low 
contrast, blurred and irregular tooth borders [12-14]. The three-dimensional (3D) CBCT image 
can be sliced into several two-dimensional (2D) images. Each 2D slice has information that 
related to the neighboring slices. However, the teeth topology in each slice is usually different. 
Those problems provide challenges for the teeth segmentation on CBCT image [15-17]. 
Research on CBCT image segmentation methods has been carried out. Broadly 
speaking, the segmentation method can be classified into 3 classes namely manual,  
semi-automatic and automatic segmentation method [18]. In general, the automatic 
segmentation methods can be classified further into several classes, which are edge-based, 
threshold, hybrid, and so on. Wang, et al. [19] conducted research about segmentation on 
CBCT image using an optimal threshold. The optimal threshold is obtained from the information 
of first grayscale slice and the merging of gradient value across the slices.  
Naumovich, et al. [20] segment the teeth and jaws on the CBCT image by using a watershed 
transformation. The research cut CBCT into several slices before segmentation process is 
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carried out. However, the research imposes the same treatment in each slice for  
the segmentation process, so that it does not pay attention to the information contained in each 
slice. In addition, using semi-automatic image segmentation method becomes exhaustive and 
inefficient because the CBCT image produces a lot of slices and the method needs the user to 
mark the teeth on each slice to provide information for the segmentation algorithm. 
In this research, we propose an automatic image slice marking propagation on 
segmentation of dental CBCT. Marker from the segmentation result of the first slice will be 
propagated as the information for the segmentation of next slices, therefore the relationship 
between each slice is not ignored. The proposed method performs semi-automatic image 
segmentation on several slices, in which the user needs to mark the segmentation object to 
provide the information needed for the segmentation algorithm and use the segmentation result 
to segment other slices automatically. Using the proposed method, the CBCT image 
segmentation process can be more effective, because it integrates information from the user for 




2. Research Method 
In this research, we propose a strategy for segmenting teeth on CBCT images 
automatically according to Figure 1. Every slice in CBCT images will be inserted starting from 
the first to ninety pieces. The inputted image will be split into regions, and the marking process 





Figure 1. The algorithm of the proposed method 
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The marking process consists of background threshold, morphological process, and  
the property regions of morphological results. The morphology process will be carried out per 
group where one group consists of 10 CBCT images. So that one group only does  
the morphological process once then the result of the region property will be used on the next 
nine images. The region properties obtained will be used as the object marker. After that, region 
merging will be done to group regions that have not been labeled as objects or backgrounds. 
The result of region merging is the image of teeth that have been segmented. For this research, 
we used Matlab software in the process. 
 
2.1. Dataset 
The data used in this research is Dental CBCT (Cone-Beam Computed Tomography) 
data taken from the scans of the human jaw. This data was obtained from the Dental and Oral 
Hospital, Airlangga University (RSGM UNAIR). Every data obtained has a ground truth that has 
been confirmed by radiological experts so that the accuracy of the proposed method can be 
calculated. This data set is 3D data, which is then sliced according to the axial plane and result 
in 2D images as shown in Figure 2. The result of the slicing process is 200 images with the size 





Figure 2. Dental CBCT 
 
 
2.2. Region Splitting 
The first stage in this segmentation process is the region splitting where CBCT images 
are separated into several regions. The algorithm that researchers use to do this region splitting 
is mean-shift clustering [22]. This algorithm divides CBCT images into cluster regions according 
to color similarity. The mean-shift that the researchers used was a mean-shift by the Edison 
System [23]. The mean-shift used has several input parameters in the form of spatial bandwidth, 
bandwidth range, and minimum area region. The values of each parameter are 7, 10 and 11. 
The results of the splitting region with the mean-shift algorithm are images that have been 





Figure 3. Region splitting 
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2.3. Marking Process 
An image consists of objects and non-objects (background). In the segmentation 
process, it is necessary to know the object's boundaries to separate objects from  
the background. In the region splitting process, CBCT images are divided into several cluster 
regions. The cluster will later be labeled as an object or background. This marking process aims 
to mark these clusters as objects or backgrounds. Therefore, the researcher concludes that 
image (I) of the results of this marking process will consist of the object (O), background (B), 
and non-marked cluster (C) according to (1). 
 
𝐼 =  {𝑂, 𝐵, 𝐶} (1) 
 
To mark the tooth as objects, the initial image is used before the region splitting. This 
marking process is carried out every 10 slices of data starting data pieces from the 10th, 20th, 
and up to the 90th slice in to speed up the segmentation process with large amounts of data 
slices. The marking process of the 10th slice will be used as a marker for the next 9 slices. For 
the 20th slice, the re-marking process will be carried out, and the next 9 slices will use  
the marking information from the 20th slice. 
The first stage of the marking process is the background threshold. The threshold value 
used is the average threshold value of all CBCT image entries with the algorithm [18] so that  
the gray color below the threshold will be considered as background and omitted to 0. For  
the value above the threshold, the gray color is changed to 1. The result of the background 
threshold is then inserted into the filter process to remove background noise that is still 
remaining. The remaining background noise like small dots still remains in the image.  
To remove the noise, median filtering is performed three times. In Figure 4, the left image shows 
the image before the median filtering process was done, and the right image shows the result 





Figure 4. The result of the median filtering 
 
 
The next step is the morphological process. Morphology used is a circle. The circle 
model is used because the shape of human teeth in CBCT images is assumed to be like  
a circle. The results of the morphology are taken from the property region of each circle 
obtained. Region property obtained is a centroid, major axis length, minor axis length. To find 
the diameter D of a circle, the researcher uses the following (2). 
 
D =  




The major axis length and the minor axis length are values of the property region.  
The value of the major axis length and minor axis length is divided by 2 to shrink the object 
markers so that the background is not marked. The results of the marking process can be seen 
in Figure 5. In the results of the property regions, the researcher gets circles that indicate  
the position of the object like Figure 5 (b). The circles are the entire coordinate of the object so 
the researcher takes several coordinates (x, y) by drawing a straight line in the middle of each 
circle, so that all the coordinates of the object are obtained. For the background marking 
process is done by taking a number of coordinates that are far outside each circle. So that there 
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is a cluster region that has been labeled as object O consist of N cluster object Oi like (3) and 
background B consist of M cluster background Bi like (4). 
 
O = {Oi} i=1,…,N  (3) 
 








Figure 5. (a) Result of background threshold and median filter, and (b) its marker 
 
 
2.4. Region Merging 
In the region merging phase, the hierarchical clustering method we use was modified, 
which was modified at the distance measurement [18]. Distance measurement in hierarchical 
clustering is modified by observing inter-class and intra-class distances. This modified 
hierarchical clustering method requires several input parameters. These parameters are  
the location of the object pixels, which is marked in the previous process, location of  
the background pixels, initial image, and the result of region splitting process. The process 
carried out to the non-labeled regions. These non-labeled regions will be counted with  
the region that has been labeled from the results of the marking process. Regions that are not 
labeled will be calculated inter-class and intra-class with the region of the cluster object and 
background. The results of calculating the distance between objects and background will  
be compared. The lowest distance, whether it's an object or background will be labeled as  
the cluster. So, the results of the region splitting will merge into clusters that have been  
labeled and produce a segmented image. Figure 6 is the result of region merging, which is  








Figure 6. (a) Ground truth images 1st – 4th slices and (b) segmentation result 1st – 4th slices 
 
TELKOMNIKA  ISSN: 1693-6930 ◼ 
 
Automatic image slice marking propagation on segmentation… (Agus Zainal Arifin) 
3223 
3. Result and Discussion 
The results of the automatic tooth segmentation research on CBCT data will be 
compared with the existing automatic methods, namely OTSU [24] and HCA [25]. To evaluate 
this proposed method, researchers used Misclassification Error (ME) and Relative Foreground 
Area Error (RAE). The ME value measures the object and background pixels that are wrongly 
classified. RAE serves to measure the difference in area between segmented objects and 
ground truth. ME has a calculation equation like (5). 
 
ME = 1 − 




The calculation process of Misclassification error (ME) uses the total number of error 
probabilities (1) minus the number of truths that were successfully performed. The process of 
calculating the amount of truth is done by dividing the number of pixels that are correctly 
classified divided by the total pixel image. The truth of the total pixel is calculated by summing 
the total similarity pixels of the ground truth (Og) object and the total pixel segmentation result 
(Or) and the total pixel similarity to the background image (Bg) and the total pixel background of 
the segmentation (Br). The smaller ME results, the better segmentation results. A calculation 
formula for RAE is explained in (6). 
 
RAE =  {
Ag− Ar
Ag
  if Ar <  Ag
Ar− Ag
Ar
  if Ar  ≥  Ag
 (6) 
 
Where Ag is an area of the image of ground truth, Ar is an area of image segmentation 
results. The smaller the RAE value, the more similar the results of segmentation with ground 
truth so that it produces good segmentation results. In Table 1 shows the results of the trial of 
the proposed method with OTSU and HCA. The results obtained stated that the ME and MAE 
mean values of the proposed method were 0.112 and 0.478. The OTSU method obtained ME 
and MAE averages of 0.410 and 0.657 and the HCA method averaged ME and MAE of 0.398 
and 0.719. It can be concluded that the proposed method has a better level of accuracy 
compared to automatic segmentation methods such as OTSU and HCA. 
The compared methods perform image segmentation using threshold value 
(automatically) and do not pay attention to the neighborhood value and 3D information of CBCT 
image. This causes the background that has an intensity value above the threshold to be 
classified as an object and the objects that has an intensity value below the threshold to be 
classified as background. The error comparison result on Table 1 shows that the proposed 
method gives more effective segmentation results, proven by the smaller error values, than  
the automatic segmentation methods because the proposed method integrates information from 
the user for the segmentation process. 
Marking objects automatically using morphology and property regions can detect teeth 
on CBCT images that are shaped like circles. However, as shown in Figure 6, the region 
merging process cannot detect all the teeth because some teeth region has a more similar 
intensity to the background. This caused segmentation error and further analysis about more 
accurate region merging method can be performed. 
 
 
Table 1. Comparison Results of the Proposed Method 
No CBCT Data 
Proposed Method OTSU HCA 
ME MAE ME MAE ME MAE 
1 A 0.112 0.309 0.340 0.544 0.360 0.621 
2 B 0.097 0.423 0.434 0.729 0.384 0.729 
3 C 0.122 0.662 0.521 0.934 0.418 0.810 
4 D 0.074 0.458 0.313 0.530 0.365 0.778 
5 E 0.088 0.572 0.491 0.790 0.483 0.843 
6 F 0.130 0.529 0.416 0.619 0.384 0.661 
7 G 0.160 0.392 0.353 0.449 0.393 0.590 
Average 0.112 0.478 0.410 0.657 0.398 0.719 
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4. Conclusion 
In this research, we propose a strategy in segmenting teeth automatically. This 
research used dental CBCT data taken from several patients from the RSGM UNAIR hospital. 
The proposed method has several stages, which are region splitting using the mean-shift 
algorithm, marking using morphology and property regions, and region merging using 
hierarchical clustering algorithm. The results obtained from the proposed method have lower 
error values than the existing automatic segmentation method, which are the ME value with  
an average of 0.112 and the MAE value with an average of 0.478. The experimental results 
show that the proposed method can automatically segment the CBCT data by paying attention 
to its 3D information. The effectiveness of the proposed method is indicated by the low error 
rate compared to the other methods. Further research about the parameters or algorithms for 
conducting region splitting and region merging process is needed to produce a more effective 
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